Administrative claims studies do not adequately distinguish pulmonary arterial hypertension (PAH) from other forms of pulmonary hypertension (PH). Our aim is to develop and validate a set of algorithms using International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) codes and electronic medical records (EMR), to identify patients with PAH. From January 2012 to August 2015, the EMRs of patients with ICD-9-CM codes for PH with an outpatient visit at the University of Texas Medical Branch were reviewed. Patients were divided into PAH or non-PAH groups according to EMR encounter diagnosis. Patient demographics, echocardiography, right heart catheterization (RHC) results, and PAH-specific therapies were assessed. RHC measurements were reviewed to categorize cases as hemodynamically determined PAH or not PAH. Weighted sensitivity, specificity, and positive and negative predictive values were calculated for the developed algorithms. A logistic regression analysis was conducted to determine how well the algorithms performed. External validation was performed at the University of Virginia Health System. The cohort for the development algorithms consisted of 683 patients with PH, PAH group (n ¼ 191) and non-PAH group (n ¼ 492). A hemodynamic diagnosis of PAH determined by RHC was recorded in the PAH (26%) and non-PAH (3%) groups. The positive predictive value for the algorithm that included ICD-9-CM and PAH-specific medications was 66.9% and sensitivity was 28.2% with a c-statistic of 0.66. The positive predictive value for the EMR-based algorithm that included ICD-9-CM, EMR encounter diagnosis, echocardiography, RHC, and PAH-specific medication was 69.4% and a c-statistic of 0.87. A validation cohort of 177 patients with PH examined from August 2015 to August 2016 using EMR-based algorithms yielded a similar positive predictive value of 62.5%. In conclusion, claims-based algorithms that included ICD-9-CM codes, EMR encounter diagnosis, echocardiography, RHC, and PAH-specific medications better-identified patients with PAH than ICD-9-CM codes alone.
1
Importantly, this classification system has provided a structure whereby patients have been enrolled in clinical trials that have led to novel medical therapies 2, 3 and registries [4] [5] [6] that have led to insights to the natural history of PH.
However, enrollment and participation in pharmaceutical trials and registries often reflect patient care in the context of the clinical trial and at referral centers. Moreover, management of pulmonary arterial hypertension (PAH) in the community setting has been reported to vary when compared to tertiary referral centers. 7, 8 Thus, outside of clinical trials or patient registries there is a need to understand and assess health care use of patients with PAH.
The use of large administrative databases and electronic medical records (EMR) provides an opportunity to conduct population-based studies in PAH. Administrative claims data are generated at every encounter within a healthcare system that allows investigation into epidemiology, procedure utilization, drug prescription, hospitalization rate, and mortality associated with PAH. [9] [10] [11] [12] [13] Administrative claims databases rely on International Classification of Diseases Ninth Revision Clinical Modification (ICD-9-CM) and ICD -10 Revision codes that segregate patients into primary and secondary causes of PH, but this does not adequately reflect the clinical classification scheme.
14 While investigators have attempted to identify patients with PAH using ICD-9 and Current Procedural Terminology (CPT) codes, the ability of algorithms to discriminate patients with PAH from those with other forms of PH has not been adequately assessed. In this study, we used ICD-9-CM codes and other EMR data to develop algorithms and then assessed the discriminatory characteristics of the algorithm to identify patients with PAH.
Methods
We performed a retrospective study of patients with PH seen in outpatient clinics at the University of Texas Medical Branch and the University of Virginia. The EPIC Õ EMR system was used to collect patient information at both study sites. This observational study was classified as exempt research by the University of Texas Medical Branch and University of Virginia Institutional Review Board (IRB).
Algorithm development
From January 2012 to August 2015 (pre-ICD-10 era), we identified patients aged ! 18 years with outpatient claims that included ICD-9-CM codes for primary PH (416.0) or secondary PH (416.8) seen at the University of Texas Medical Branch. Patients with ICD-9-CM codes for PH were identified and, using the EPIC Õ EMR system, we collected demographics, echocardiography, and right heart catheterization (RHC) measurements and prescribed PAHspecific medications. Subsequently, patients were divided into two groups based on the initial EMR encounter diagnosis as entered by the physician at the time of visit, that was suggestive of PAH (PAH group) or not suggestive of PAH (non-PAH group) (Fig. 1) . Ten phrases were identified in the EMR that represented idiopathic or conditions associated with PAH (Table 1 ) and 13 phrases that represented PH not due to PAH. For example, the phrases selected for the PAH group included the terms ''primary pulmonary hypertension'' or contained the term ''pulmonary arterial hypertension.'' In contrast, the terms used to identify the non-PAH group did not contain the phrase ''primary pulmonary hypertension'' or ''pulmonary arterial hypertension,'' rather they included ''secondary pulmonary hypertension'' or a severity of PH. In order to be all inclusive, we used broad terminologies to capture different ways providers enter a diagnosis of PAH or PH in the EMR. Although, there were ten different phrases suggestive of PAH, principally two terms were used. For example, the term ''primary pulmonary hypertension'' was used in three phrases while the remaining seven phrases used ''pulmonary artery hypertension.'' A structured review of the EMRs was performed for all patients in the PAH group and for a 20% random sample in the non-PAH group. The following variables were collected and reviewed: (1) age, sex, race, body mass index, and co-morbidities; (2) echocardiography results; (3) RHC results, including mean pulmonary artery pressure (mPAP), pulmonary capillary wedge pressure, cardiac output, pulmonary vascular resistance (PVR), and vasodilator responsiveness; and (4) prescribed PAH-specific therapies categorized as phosphodiesterase-5 inhibitors, endothelin receptor antagonists, and prostanoids. Prescription of PAH-specific therapies did not automatically confer a diagnosis of PAH. Patients were diagnosed with PAH after review and interpretation of RHC measurements based on previously published guidelines.
1 A hemodynamic diagnosis of PAH was determined with RHC mPAP ! 25 mmHg and pulmonary capillary wedge pressure 15 mmHg. A PAH expert (AD) reviewed the clinical charts and patients with airflow limitation defined as FEV1/FVC < 0.70 were excluded. Patients with restrictive lung disease defined as FVC < 60% predicted and PaO2 < 60 mmHg were also excluded. A structured chart review was performed to assess for CTEPH and a review of CTA and/or VQ scan results was performed whenever these imaging studies available. Patients were given a score of 0 if the scan was negative and a score of 1 if positive; patients with positive results were excluded. Subsequently, algorithms were developed using ICD-9-CM codes, EMR encounter diagnosis, presence of echocardiography, presence of RHC, and a prescription for PAH-specific therapies. Variables were incorporated in a step-wise manner. The ability of each algorithm to identify patients with hemodynamically determined PAH was assessed.
External validation
Data from the University of Virginia Health System was used to externally validate the algorithms. Patients referred to the PH clinic from August 2015 to August 2016 were included, and a similar approach was used as the development algorithms. A cardiologist and a pulmonary physician evaluated all patients jointly in this clinic. Patients were identified by ICD-9-CM codes and the cohort divided into two groups, PAH and non-PAH, based on an EMR encounter diagnosis suggestive of PAH. The same variables were collected and reviewed with data entry to the algorithms.
Statistical analysis
Descriptive statistics and chi-square tests were used to compare patient demographics and co-morbidities for the PAH and non-PAH groups. Patient co-morbidities were determined using the Elixhauser Comorbidity Index 15 and patient diagnoses at the time of the initial visit. Algorithms were created, with variables included in a stepwise process. For each algorithm, a 2 Â 2 contingency table was created utilizing hemodynamically determined PAH as the gold standard. Patients without an echocardiogram or RHC were allocated to the negative test column for the group. Performance characteristics for each algorithm were calculated, including sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). Since we reviewed a random sample of only 100 patients from the non-PAH group, we weighted these values by 4.92 in order to return the non-PAH group to the original sample size of 492. Additionally, a logistic regression analysis with the outcome of hemodynamically determined PAH was performed to calculate the odds ratio and c-statistic for each algorithm along with the 95% confidence interval (CI). In each logistic regression model, the predictor variable was defined in an identical manner as the test positive and test negative group in the 2 Â 2 tables for each algorithm. For example, in our algorithm with ICD codes, EMR encounter diagnosis, echocardiogram, and RHC, the indicator would be 1 if each of these was present and 0 if any were absent. All statistical analyses were performed using SAS version 9.4 (SAS Inc., Cary, NC, USA). The level of significance was set at P 0.05.
Results
From January 2012 to August 2015, 683 patients with an ICD-9-CM code for PH were identified and based on the EMR encounter diagnosis classified as PAH (n ¼ 191) and non-PAH (n ¼ 492) groups (Fig. 1) . Baseline characteristics revealed a similar mean age for both groups: 63.9 AE 15.8 and 64.6 AE 15.7 years, respectively ( Table 2) . Women were more common in the PAH (71.2%) group compared to the non-PAH (62.8%) group. Diabetes mellitus and chronic diseases of the lung and liver were more frequently observed in the PAH group. Echocardiography results were present in 96% of patients in the PAH group and 74% of patients in the non-PAH group. RHC measurements were performed in 53% of patients in the PAH group and 27% of patients in the non-PAH group. PAH-specific therapy was more frequently prescribed to patients with PAH group (35 %) compared to non-PAH group (12%). A hemodynamic diagnosis of PAH was confirmed in 26% of patients in the PAH group compared with 3% in the non-PAH group.
Development algorithms
Performance characteristics were calculated for eight algorithms in order to identify patients with hemodynamically diagnosed PAH as determined by RHC (Table 3 ). For claims-based algorithms, sole use of ICD-9-CM codes 416.0 and 416.8 achieved the poorest PPV. Pairing ICD-9-CM codes with a prescription for one PAH-specific medication achieved moderate sensitivity (67.4%), high specificity (86.9%) and high NPV (96.3%), but poor PPV (34.7%). Combining ICD-9-CM codes with prescriptions for more than one class of PAH-specific medication improved PPV (66.9%) and specificity (98.6%). Subsequently, we calculated the performance of EMRbased algorithms that included the ICD-9-CM code, EMR encounter diagnosis, performance of echocardiography, performance of RHC, and prescription of PAH-specific therapy in a step-wise manner. The addition to ICD-9-CM codes of an EMR encounter diagnosis of PAH (Table 3 ) resulted in a PPV of 25.7%. The addition of echocardiography performance to the algorithm produced minimal improvement in the algorithm performance characteristics. However, the addition of RHC performance increased the PPV (48.0%). The algorithm with the best performance characteristics was observed with a combination of ICD-9-CM codes, EMR encounter diagnosis of PAH, echocardiography, RHC, and a prescription for PAH-specific medication (PPV 69.4%, sensitivity 67.4%). Lastly, the algorithm that contained ICD-9-CM codes, an EMR encounter diagnosis of PAH, and a prescription for PAH-specific medication yielded a modest sensitivity (67.4%) and modest PPV (66.2%). Finally, we calculated odds ratio and the c-statistic using multiple logistic regression model. As shown in Table 3 , the performance characteristics of the model to predict PAH was best for combined ICD codes and a prescription of at least one PAH therapy (c-statistic ¼ 0.84, 95% CI ¼ 0.79-0.90). Interestingly, additional variables such as EMR encounter diagnosis, presence of echo and or RHC did not improve the c-statistic.
External validation
External validation was conducted at the University of Virginia Health System that included 177 patients with an ICD-9-CM code for PH (Fig. 1e , available in the online Supplementary Material). Patients were classified into PAH (n ¼ 28) and non-PAH (n ¼ 149) groups based on the EMR encounter diagnosis for at least one clinic visit. The mean age for both groups was similar for PAH and non-PAH groups: 66.4 AE 24.9 and 67.3 AE 15.1 years, respectively (Table 1e , available in the online Supplementary Material). In addition, no difference in gender distribution was noted in PAH and non-PAH groups. Congenital heart disease was more common in the PAH group while congestive heart failure was more often recorded in the non-PAH group. Of note, in the external validation electronic healthcare record, only two EMR encounter diagnoses were used: primary PH (PAH group) and other chronic pulmonary heart disease (non-PAH group). As with the development algorithm, the performance of ICD-9-CM codes alone achieved the poorest PPV (15.8 %) ( Table 4 ). The algorithm that combined ICD-9-CM codes and more than one class of PAH-specific therapies, yielded a higher PPV (57.14%) and specificity (93.96%), similar to development algorithms. Likewise, the EMR-based algorithm with ICD-9-CM codes, EMR encounter diagnosis, performance of echocardiography and RHC, and a prescription for PAH-specific medication yielded the greatest PPV (62.5%). Performance of the development and external validation claims-based algorithms that included ICD-9-CM codes and more than one PAH-specific therapy was similar with respect to the PPV: 66.86% and 57.14%, respectively (P ¼ 0.39). The lower sensitivity and a higher proportion of patients with congenital heart disease and CHF were consistent with the referral pattern to this clinic as stated in the method section.
Discussion
In this retrospective cohort study, we developed and attempted to validate the performance of claims-based and EMR-based algorithms to identify patients with PAH as determined by RHC. To our knowledge, this extensive analysis using administrative datasets to distinguish patients with PAH from those with other pulmonary vascular disease *Odds ratio and C-statistic came from a logistic regression model with the predictor based on the algorithm. dx, diagnosis; EMR, electronic medical records; RHC, right heart catheterization; PAHRx, PAH-specific therapies; PPV, positive predictive value; NPV, negative predictive value.
states has not been reported. Our results indicate that sole use of a code-based algorithm does not provide accurate estimates of PAH, based on the poor PPV. Consistent with previous reports, ICD-9-CM codes 416.0 and 416.8 alone achieved a low PPV. [10] [11] [12] Moreover, in the present study, the performance of algorithms that included diagnostic tests or PAH-specific treatments or both was superior to use of ICD-9-CM codes alone.
Claims-based algorithms were developed and validated for various common health conditions. [16] [17] [18] [19] In addition, claims-based studies have been published to describe healthcare utilization, treatment patterns, and mortality from PAH. 9, 10, [20] [21] [22] [23] [24] In an epidemiological study of PAH using Scottish Morbidity Record data, Peacock et al. used primary PH codes (ICD-9-CM code 416.0 and ICD-10 I27.0) with a series of filters applied in the inclusion process. 20 These filters included claims for conditions associated with World Health Organization (WHO) Group II-V Pulmonary Hypertension (left heart disease, lung disease, chronic thromboembolic, or miscellaneous causes). Davis et al. used ICD-9-CM code 416.0 to study PAH-related mortality patterns. 21 Kirson et al. used the same algorithm to study the prevalence and excess costs associated with PAH in a privately insured population. 24, 25 In a recent study, PAHrelated hospitalization trends and outcomes were studied with Nationwide Inpatient Sample (NIS) data, using ICD-9-CM code 416.0. 9 Although these reports have been instrumental in understanding PAH at the population level, none of the case definitions or claims algorithms used in these reports were validated. In addition, ICD-9-CM codes 416.0 and 416.8 are often used interchangeably during different clinic visits. The addition of claims for echocardiogram, RHC, and introduction of PAH-specific medication improves the PPV of a claims-based algorithm. This reflects a natural workup of a patient with true PAH and can be built using claims history. One drawback is the inability to get actual values of diagnostic procedures from claims. However, the prescription of a PAH-specific therapy in a patient who undergoes these investigations based on clinician pretest probability suggests that true PAH cases can be mined from claims data and improve the diagnostic accuracy of the algorithm.
The ICD-9-CM codes 416.0 (''primary'') and 416.8 (''secondary'') do not differentiate PAH from non-PAH patients and they certainly do not reflect the current WHO classification of PH. In addition, the diagnosis of PAH is complex even at the individual patient level and requires consideration of broad differential diagnosis and a multitude of diagnostic tests. Moreover, after a thorough investigation, the diagnosis of PH may change to a different clinical classification group. This complexity highlights the difficulty in isolating PAH patients at the population level. After reviewing three different databases, Link et al. concluded that the fluctuations in PAH-related mortality and hospitalization rates are related merely to coding changes. 12 In a most recent study, Geva et al. concluded that mining EMRs using computable phenotype algorithms identified a large number of pediatric PH patients, who were otherwise not included in the PH registry. 26 The current study reinforces the importance of validation studies when using ICD codes.
Once an algorithm is thoroughly tested and validated in various settings, it becomes a tool in defining disease epidemiology and healthcare utilization accurately at the population level.
Our study has several limitations. First, this study is a retrospective analysis of claims data from two referral centers which are familiar with diagnosis, testing, and management of PH patients. These results need to be replicated in other settings like large databases before generalization. Second, patients without echocardiogram and RHC findings were included in the test-negative group of the algorithms and this arrangement might have compromised the performance characteristics of various algorithms, which may perform better in settings in which all diagnostic information is available. Third, we included phosphodiesterase-5 inhibitors in PAH-specific therapies, which likely result in low PPV as this class of drugs can be prescribed for other conditions (i.e. erectile dysfunction). Fourth, the EMR phrases of our external validation cohort are different from the original cohort and highlight the importance of building a universal data dictionary within the EMR system. However, in our study, the content of the phrases that was used in the development cohort was similar. Fifth, the lower sensitivity of the algorithms in the validation cohort reflects a referral bias. The PH clinic at the validation cohort site was staffed by cardiology and pulmonary physicians that likely resulted in a higher prevalence of pulmonary venous hypertension. While the algorithm that we developed is superior to existing claims-based algorithms, future investigations should validate this algorithm in different settings such as large, urban referral centers and community-based clinics with low disease prevalence. Lastly, adding additional elements identified more patients with PAH without improving the c-statistic. Thus, limiting the algorithm to two elements (ICD-9-CM codes þ PAH-specific therapy) would prevent unnecessary classification of patients without the disease in population-based studies.
In conclusion, the use of ICD-9-CM codes alone resulted in poor positive predictive value to identify patients with PAH. However, ICD-9-CM codes and a prescription for PAH-specific medications improved the performance characteristics of the algorithms and could be used for population-based studies.
